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Figure 1: Overview of our framework for automatic semantic transfer function (TF) design. Given only minimal user input—a volume
name and an MIP axis—we generate a single projection that is semantically decomposed by an MLLM into labeled regions. These 2D
semantic cues are lifted into sparse 3D seed voxels and propagated through a voxel classification network to obtain dense voxel-level
semantics. The resulting semantic TF enables intuitive, part-aware volume rendering without manual TF design. After the TF is
automatically generated, users can interactively adjust the color and opacity of each semantic part.

Abstract—Designing transfer functions (TFs) for direct volume rendering is a fundamental yet labor-intensive task, as users need
to carefully explore the relationship between voxel attributes and visual outcomes to reveal structures of interest. Despite advances
in learning-based approaches, many existing methods depend on repeated user input. Furthermore, many methods relying on
conventional data value-based TFs, which use voxel intensity or gradient information, often struggle to separate voxels into meaningful
semantic groups. To address these problems, we present a framework that enables automatic TF design via multimodal large language
model (MLLM)-assisted 2D semantic decomposition, requiring only minimal user input, namely the volume name and a projection
axis. Starting from a single maximum intensity projection of the volume, our method transforms it into a semantic segmentation mask
using an MLLM, which is then lifted into 3D as a sparse set of reliable voxel cues. To convert these sparse cues into a complete
semantic representation, we introduce a voxel classification network trained with a confidence-aware propagation loss, resulting in
dense voxel-level semantic assignments that are readily translated into TFs. Despite relying solely on single-image segmentation, our
method achieves precise part-level separation. Evaluation on a range of volume datasets shows that ours produces better semantic

renderings while significantly reducing the effort and time required for TF design compared to state-of-the-art techniques.

Index Terms—Direct volume rendering, transfer function, multimodal large language model

1 INTRODUCTION

Direct volume rendering (DVR) is a technique for exploring volumetric
datasets in scientific visualization, enabling users to reveal structures

within complex 3D data such as medical scans and simulation outputs.

A critical step in DVR is the design of transfer functions (TFs) that
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map voxel attributes such as intensity to optical properties including
color and opacity. Effective TFs allow users to find and highlight mean-
ingful structures in the data. However, designing such TFs remains a
challenging and time-consuming process that often requires extensive
trial-and-error and domain expertise. In particular, 1D TFs [9], which
assign color and opacity to voxels based on intensity, and 2D TFs [19],
which additionally incorporate gradient magnitude, require users to
manually identify which intensity or gradient magnitude ranges corre-
spond to specific parts of the volume and to explicitly define boundaries
between them.

To alleviate this burden, several approaches have been proposed that
incorporate user input into the TF design process. For example, users
may annotate points or brush strokes on volume slices [11], or select
voxels from a feature space such as a t-SNE embedding derived from
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volumetric features [37]. These methods enable users to specify regions
of interest and iteratively refine the visualization. Because users can
inspect the rendering results after each interaction and make further
adjustments, the process allows the visualization to progressively con-
verge toward the desired outcome. Compared to directly manipulating
1D or 2D TFs, these interaction-based approaches typically require
fewer manual parameter adjustments to obtain satisfactory rendering
results. However, such methods still rely on multiple rounds of user
interaction to achieve the desired visualization.

More recently, several studies have explored the use of vi-
sion—language models, multimodal large language models (MLLMs),
and diffusion models to design TFs using natural language prompts.
Despite reducing the need for manual interaction, these approaches still
exhibit notable limitations. Some methods operate by manipulating a
1D TF [14,23], restricting the achievable results to those expressible
within a 1D intensity mapping. Although there exist approaches that
perform volume rendering using 3D Gaussian Splatting (3DGS) [15]
and learn visual attributes at the level of 3D Gaussians [3,32]—thereby
not being restricted to intensity-based mappings as in traditional 1D
TF—these methods still require an initial TF or segmentation results.

Research on separating regions of interest has been actively explored
in both 3D medical image segmentation and general 3D scene seg-
mentation. Dataset-specific supervised models [13, 38] can achieve
high accuracy but require retraining for each new dataset, while recent
medical segmentation foundation models [12,24,25] improve gener-
ality but remain limited by their medical-image training domains. In
computer vision, 3D segmentation methods for meshes, point clouds,
NeRF [27], and 3DGS commonly apply vision foundation models such
as SAM [18] or DINO [5] to multi-view images and lift the resulting
masks or features into 3D [8,35,36]. However, directly applying these
approaches to DVR datasets is challenging because target structures are
often intermingled with surrounding materials and may not be visually
separable without an appropriate TF. Consequently, vision foundation
models applied to raw volume renderings often fail to provide reliable
semantic separation, particularly for complex structures such as thin
bonsai branches or overlapping skin and skull regions in head data.

Motivated by these limitations, we leverage recent MLLMs as se-
mantic guidance for TF design. MLLMs have shown strong image-
understanding and segmentation capabilities, suggesting an opportunity
to extract semantic cues from rendered volume images and guide DVR
beyond purely intensity-based or manual TF design. We introduce a
framework that converts MLLM-generated segmentation masks into
semantic TFs for volume rendering. Given a single maximum intensity
projection (MIP) image, an MLLM generates a 2D mask of semanti-
cally meaningful structures, which is projected back into the volume to
obtain sparse, high-confidence voxel seeds for each semantic region.
To propagate these sparse labels throughout the volume, we design a
voxel classification network with a confidence-weighted propagation
loss. The resulting dense voxel-level semantic labels are then used to
construct semantic TFs for intuitive and meaningful volume render-
ing. Experiments on several volumetric datasets show that our method
effectively reveals semantic structures with minimal manual effort.

The contributions of this work are summarized as follows:

* We introduce a framework that formulates TF design as a seman-
tic lifting problem, converting MLLM-generated 2D semantic
decomposition from a single MIP into a volumetric semantic
representation.

* We design a voxel classification network that combines positional
and attribute cues through a learnable fusion mechanism, together
with a confidence-aware propagation loss that spreads sparse
semantic supervision to the entire volume.

¢ Our method requires only minimal input—a volume name and a
projection axis—and eliminates iterative user interaction, thereby
significantly reducing user effort while still achieving high-quality
semantic rendering.

¢ We validate our method on diverse volumetric datasets, demon-
strating that it consistently outperforms existing approaches in
semantic rendering quality while also requiring less time.

2 RELATED WORK
2.1 Transfer Function Design

Early TF design methods primarily relied on intensity-based editing
using histograms or multi-dimensional feature spaces, enabling users
to identify structures based on the statistical distributions of voxel at-
tributes. 1D TFs [9] map voxel intensity directly to color and opacity,
while 2D TFs [19] incorporate additional features such as gradient mag-
nitude to better separate material boundaries and structures. Extending
these traditional TF designs with higher-dimensional voxel attributes,
Two-level TF [37] proposes a two-level TF framework that integrates
a conventional 2D intensity—gradient magnitude TF with a secondary
TF constructed using t-SNE embedding. In this approach, voxels are
first roughly selected in the 2D TF domain and then projected into a
low-dimensional t-SNE space derived from multidimensional voxel
attributes. The resulting embedding reveals clusters of similar voxels,
enabling finer segmentation.

To further reduce the manual effort involved in TF specification,
learning-based approaches have been introduced for TF design, which
inspired the development of our method. Tzeng et al. [33] define a TF
that maps voxel attributes to color and opacity by training a machine
learning model on user-labeled samples obtained through painting
on slices and using the trained model to classify voxels. Building
upon this approach, Soundararajan and Schultz [31] trained supervised
classification models to estimate material probabilities. To visualize
classification uncertainty, they introduce probabilistic TFs that deter-
mine color and opacity through probability-based weighted averaging
of predefined material colors and opacities. Kim et al. [17] employ a
convolutional neural network to generate color mappings for TFs based
on example images, enabling image-driven TF specification. Differ-
entiable Design Galleries [28] learns a continuous latent design space
of TFs using neural rendering and deep generative models. In this
framework, rendered images are encoded into latent representations
corresponding to implicit TFs, allowing users to query, navigate, and
modify TF designs in the image domain before reconstructing explicit
TFs through differentiable volume rendering.

Another line of work leverages learned feature representations and
large pretrained models to facilitate TF specification and expressive
volume visualization. Engel et al. [11] propose a segmentation-based
TF design approach that utilizes semantic features extracted from a
self-supervised Vision Transformer (ViT). Instead of training a model
for each dataset, their method employs a frozen pretrained ViT to
compute feature embeddings for volumetric data and identifies seman-
tically similar structures based on feature similarity to user annotations,
enabling interactive annotation-guided TF design without additional
model training. T2TF [14] introduces a text-guided TF design approach
that leverages vision—language models to generate semantic TFs from
textual descriptions. In this framework, candidate TFs are evaluated
based on the similarity between rendered images and user-provided
text prompts, enabling semantic TF generation without manual param-
eter tuning. TexGS-VolVis [32] further incorporates multiple large
pretrained models to support expressive scene editing in volume vi-
sualization. Built on a textured Gaussian splatting representation that
decouples geometry and appearance, the system integrates Instruct-
Pix2Pix [4] for text-driven scene editing, CLIP [29] for image-driven
non-photorealistic editing, and SAM for 2D segmentation, which is
lifted to the 3D Gaussian representation to enable localized editing of
volumetric structures.

Beyond TF design itself, recent work explores integrating large lan-
guage models into visualization systems to support natural language in-
teraction. ParaView-MCP [23] introduces an autonomous visualization
agent that connects an MLLM with the ParaView visualization plat-
form [2] through a structured tool interface. By enabling the language
model to issue commands to ParaView’s API and observe visualization
outputs, the system allows users to interact with complex visualization
workflows—including TF editing—through conversational instructions
and iterative visual feedback. IntuiTF [34] formulates TF design as an
iterative Trial-Insight-Replanning cycle and implements it through an
evolution-driven explorer paired with an MLLM-guided evaluator. The



explorer encodes TFs as Gaussian mixture genomes and performs mu-
tation, crossover, and selection to generate candidate solutions, while
the evaluator employs an MLLM to perform pairwise comparisons
between renderings, assessing both quality criteria and alignment with
user-specified text or image intent. In these two approaches, the re-
sulting TFs remain a 1D mapping defined solely over intensity values;
voxels belonging to different anatomical or material structures but shar-
ing similar intensity ranges cannot be disambiguated, which is precisely
the limitation that conventional data value-based TFs face.

Despite these advances, many existing approaches still rely on man-
ual TF editing, repeated user interaction, handcrafted feature engi-
neering, or a 1D TF defined solely over intensity values. In contrast,
our approach constructs semantic TFs by leveraging MLLM-generated
segmentation and propagating sparse semantic seeds throughout the vol-
ume, reducing the need for manual TF tuning, repeated user interaction,
and the reliance on a 1D intensity-based TF.

2.2 3D Segmentation

In DVR, TFs are commonly used to separate semantic parts for visual-
ization, making TF design closely related to 3D segmentation. Similar
to interactive TF design, numerous interactive approaches have been
proposed for 3D segmentation. For example, Slice-and-Conquer [7]
proposes a planar-to-3D framework that constructs accurate 3D masks
from a small number of annotated 2D slices by using the resulting 2D
mask predictions as shape priors, thereby reducing both user effort and
computational cost. SegVol [10] introduces a foundation model for
volumetric segmentation using unified spatial and semantic prompts.
These approaches demonstrate that, when user prompts are carefully
designed and effectively utilized, accurate and efficient segmentation
results can be achieved.

Beyond prompt-based interaction, recent advances in segmentation
have explored leveraging vision-language models to reduce annotation
dependency. VCLIPSeg [21] introduces a CLIP-enhanced medical
image segmentation model that integrates text embeddings at the voxel
level to capture semantic relationships. SATR [1] addresses zero-shot
3D shape segmentation by transferring knowledge from 2D vision-
language models, inferring 3D semantic regions from multi-view 2D
predictions. These approaches highlight the growing trend of incorpo-
rating cross-modal semantics.

Building upon this trend toward foundation models, SAM and its
variants, vision foundation models with impressive zero-shot segmen-
tation performance, have been widely adopted for 3D segmentation.
Gaussian Grouping [36] introduces identity encoding for each 3D
Gaussian by using SAM predictions. GARField [16] optimizes a scale-
conditioned affinity field within radiance fields from 2D masks by SAM,
allowing hierarchical grouping of scene elements across multiple levels
of granularity. SAMPart3D [35] achieves scalable zero-shot 3D part
segmentation and distills SAM for multi-granularity decomposition.
PartField [22] learns a continuous 3D feature field via distillation from
2D masks by SAM2 [30], producing consistent and hierarchical part
segmentation. These approaches demonstrate the effectiveness of dis-
tilling knowledge from 2D foundation models into 3D representations.

SAM-based segmentation approaches have also been extended to
3D medical imaging. MedSAM [24] adapts SAM into the medical do-
main by fine-tuning it on a large-scale dataset across diverse modalities,
enabling robust and generalizable segmentation performance beyond
task-specific models. VISTA3D [12] introduces a unified 3D segmen-
tation foundation model that supports both automatic and interactive
segmentation within a single framework. It addresses that fine-tuning
SAM on 2D medical data has limitations in adapting to 3D images,
and instead distills SAM by constructing 3D supervoxels from 2D
SAM feature maps. SAM3D [6] enables zero-shot semi-automatic
segmentation in 3D medical images by combining sparse user prompts,
multi-axis slicing, and 2D SAM inference to reconstruct 3D masks
without additional training.

Despite these advances, many existing methods still rely on spatial
prompts such as points or bounding boxes provided by users. More-
over, 3D scalar field datasets used in DVR often contain complex and
overlapping structures, making it difficult to achieve precise part de-

composition using vision foundation models such as SAM or DINO
without manually defining an initial TF. To address this limitation, we
leverage MLLMs, which provide more refined 2D semantic decompo-
sition than existing vision foundation models, applied to an MIP that
captures the overall structure of the volume without requiring an initial
TF, enabling automatic TF generation.

3 OUR APPROACH

Our framework automatically constructs a semantic TF from minimal
user input by combining MLLM-assisted semantic decomposition with
a learning-based volumetric propagation scheme. Given only a volume
name and a projection axis, our method produces a dense semantic
representation that can be directly used for volume rendering, without
requiring iterative manual interaction.

Figure 1 shows an overview of our framework. The pipeline be-
gins by generating an MIP image and performing MLLM-assisted 2D
semantic decomposition to obtain labeled regions with representative
colors, providing a global semantic view. These regions are then lifted
into 3D by selecting reliable seed voxels based on intensity peaks and
assigning confidence scores. A voxel classification network propagates
semantic information from these sparse seeds to the full volume using a
dual-branch design with confidence-weighted and neighborhood-based
losses. Finally, a semantic TF is constructed from voxel-wise semantic
probabilities, enabling intuitive control of opacity and appearance while
preserving standard volume rendering.

3.1 MLLM-Assisted 2D Semantic Decomposition

Our goal is to automatically generate a high-quality semantic TF with-
out relying on any initial TF. While slice-based inspection is a common
approach, it is difficult to perceive complete structures, as individual
parts may appear fragmented or partially occluded across slices. To
address this limitation, we adopt a MIP as a global representation that
captures the overall structure and individual components of the volume
in a single image.

Given a volumetric dataset, we generate a 2D MIP image I €
along a user-specified axis. Among the three canonical axes (x, y, and
2), the user selects the projection direction that best reveals the overall
structure of the volume while minimizing overlap between semantic
parts. We then perform semantic decomposition of the projection image
using an MLLM in two stages.

In the first stage, we prompt the MLLM to generate a colored seg-
mentation mask S from the MIP while strictly preserving the original
geometry. The prompt enforces several constraints: (i) the segmen-
tation must remain strictly within the original silhouette without in-
troducing new structures, (ii) fine structures and gaps between parts
must be preserved without merging or dilation, and (iii) boundaries
must remain sharp with no color bleeding across regions. Rather
than requiring the user to manually specify the number of target parts,
we instruct the MLLM to autonomously identify and distinguish be-
tween 3 to 5 semantically meaningful parts. This range is deliber-
ately constrained: without such an instruction, the MLLM tends to
produce overly simplistic segmentations that separate only the fore-
ground from the background; conversely, allowing too many parts
often causes the model to generate separate masks for regions that
are not clearly distinguishable in the MIP. In addition, the MLLM is
instructed to assign each part a color from a predefined discrete palette
C = {red,blue,yellow,green,cyan,magenta,purple}. As a re-
sult, each pixel in S € C*W is assigned exactly one color correspond-
ing to a semantic part.

In the second stage, the colored segmentation mask S, together
with the volume name, is fed back to the MLLM to obtain semantic
annotations A = {(/;,¢;)}X |. Here, /; denotes a semantic text label
(e.g., leaves, branches, pot), and c; € C is the corresponding color used
in S. The prompt enforces structured JSON output and restricts each
part to a single unambiguous name, avoiding composite labels. It also
ensures strict consistency between the colors used in the segmentation
mask and those reported in the annotations.

In both stages, we use predefined prompts in which only the user-
provided volume name is automatically substituted before being fed
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to the MLLM. To ensure that the method automatically operates effec-
tively regardless of the given dataset, the prompts do not include any
dataset-specific structural descriptions.

Finally, the semantic decomposition is defined as R = (S,A). This
decomposition step provides a high-level semantic interpretation of
the volume from a single projection, effectively transforming low-
level intensity variations into structured semantic regions. Notably,
this process requires only the volume name and a MIP axis as input,
enabling fast and convenient extraction of semantic information without
additional user interaction.

3.2 Seed Voxel Construction

In MIP, only the maximum-intensity voxel along each pixel ray is
represented, which makes it inappropriate to uniformly assign the
segmentation mask to all voxels along the ray. To lift the semantic
decomposition into the 3D voxel space, we first extract a set of reliable
seed voxels from the segmentation mask and assign a confidence score
to each seed voxel to quantify its reliability.

Ray Construction Each pixel (u,v) in the segmentation mask S
is associated with a semantic part index k(u,v) € {1,...,K}, which
corresponds to a semantic label /,, ) defined in A. Each pixel defines a
projection ray along the selected axis. For each pixel (u,v), we extract
the intensity profile along its corresponding ray: r,, = {I(z,u,v) |
z=1,...,D}, where z denotes the depth index along the projection
direction, and D is the number of voxels along the ray.

Intensity Peak-Based Voxel Selection. In MIP, the pixel in-
tensity is dominated by the highest-intensity structures along the ray.
These structures typically correspond to visually salient or semantically
meaningful components of the volume. Therefore, we perform intensity
peak-based voxel selection to identify the most representative voxels
along each ray. We first identify candidate voxels using a high-intensity
mask:

Mu,v(Z) = H(I(Z’ M7V) 2 Thin * Irlzlrx) (1)

where Iijjax = max;I(z,u,v) denotes the maximum intensity along the
ray, and T, € (0,1) is a threshold that controls the minimum relative
intensity required for a voxel to be considered as a candidate with
respect to the maximum intensity along the ray.

However, high-intensity regions may still include noise or elongated
structures that are not representative of distinct semantic parts. To refine
the selection, we focus on contiguous regions that contain prominent
peaks along the ray.

Pu,v(z) = ]I(I(z,u,v) - > Tprom Ix%z‘:x) 2)

min —
where IILI’H‘;1 = min_/(z,u,v) denotes the minimum intensity along the
ray, and Tprom € (0,1) controls the required prominence of a voxel,
ensuring that only sufficiently salient peaks relative to the intensity
range along the ray are selected.

We then define the set of selected voxel indices along the ray as
Zuy = {z|My(z) = 1 APy, (z) = 1}. This selection ensures that only
voxels corresponding to strong and reliable peaks along the ray are
retained.

Boundary-Aware Spatial Weighting. Pixels near semantic
boundaries are more likely to be ambiguous, as small segmentation
errors can lead to incorrect semantic assignments. To reduce the influ-
ence of such unreliable pixels, we introduce a spatial weighting scheme
based on the distance to region boundaries. We define the bound-
ary pixel set as B = {(u,v) | 3(¢/,v') € Ng(u,v) such that k(u',v') #
k(u,v)}, where Ny (u,v) denotes the 4-neighborhood of pixel (u,v). For
each pixel (u,v), we compute the distance to the nearest boundary as
d(u,v) = min(, yyep/(u—1')2+ (v—1)2. Based on this distance,
we define a spatial weight:

Suy = I —exp (_ M) 3)

Tdist

_“[ Epos H hpos
X Zpos
= ) ) ,
voxel ] " N \
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Figure 2: Architecture of our voxel classification network. A dual-branch
design encodes spatial coordinates and voxel attributes (intensity and
gradient magnitude), which are adaptively fused via a learnable gating
vector 3 and normalized with softmax to predict semantic part probabili-
ties.

This formulation assigns low weights to pixels near boundaries and
gradually increases the weight toward the interior of semantic regions,
thereby suppressing unreliable contributions. Here, 7gisi > 0 is a dis-
tance scale parameter governing this rate of increase. We adopt this
exponential saturation form because it provides a smooth, monotoni-
cally increasing weight that is bounded in (0, 1), avoiding the abrupt
transitions of a hard distance threshold while still concentrating the
suppression effect near semantic boundaries, where segmentation errors
are most likely to occur.

Confidence Assignment.
we assign a confidence score:

For each selected depth index z € Z,, ,,

I(z,u,v)

u,v
Imax

4

Wy (2) =

This indicates how close the voxel is to the maximum-intensity voxel
along the same ray. We then combine this with the spatial weighting
from Eq. 3 to obtain the final confidence:

WM.V(Z) = Wu,v(Z) “Suy, ZE Zu,v (5)
Thus, the confidence score reflects how confident the voxel is with

respect to the semantic part associated with it by the segmentation
mask.

Seed Voxel Labeling. Each selected voxel (z,u,v) with z € Z,,,
inherits the semantic part index k(u,v). The output of this stage is
a sparse set of seed voxels Vieeq = {(xi, ki, w;)}, where x; = (z,u,v),
ki = k(u,v), and w; =Wy, (z). Here, k; € {1,...,K} serves as the
semantic label of the seed voxel.

3.3 Voxel Semantic Classification

While the seed voxels provide reliable semantic cues, they are inher-
ently sparse and do not cover the entire volume. To construct a dense
semantic TF, we train a voxel classification network that propagates
semantic information from the seed voxels to the rest of the volume.

Voxel-Wise Semantic Prediction. We define a voxel classifica-
tion network fg(x,1(x), G(x)) : R — RX that predicts semantic logits
for any voxel (Fig. 2). Given a spatial coordinate x € [0, 1]3, we sample
its corresponding intensity /(x) and gradient magnitude G(x). To effec-
tively combine the geometric and attribute-based evidence, we adopt a
dual-branch architecture. This design is motivated by the observation
that different semantic parts are best distinguished by different cues.
The positional branch takes the per-voxel spatial coordinate and cap-
tures geometric context, enabling the network to distinguish parts that
are spatially separated but share similar intensity profiles—such as the
spine and the mandible in the head dataset. In contrast, the attribute
branch takes the per-voxel intensity and gradient magnitude as input,
allowing the network to distinguish parts that differ in intensity or gra-
dient characteristics—such as the skin and the skull, which are spatially
adjacent yet exhibit substantially different intensity distributions. A



single shared representation may fail to capture such heterogeneous
discriminative factors.

In the positional branch, the spatial coordinate is encoded using
a multi-resolution hash grid encoder Epos to obtain a positional fea-
ture fj05, which captures high-frequency geometric structures. In the
attribute branch, the sampled intensity and gradient magnitude are con-
catenated and passed through an attribute encoder Eyy, (a lightweight
MLP) to produce an attribute feature fyir. This transformation maps
low-dimensional scalar inputs into a higher-dimensional feature space
and alleviates scale and distribution differences between geometric and
attribute inputs, enabling stable joint learning.

The positional and attribute features are processed independently
through two heads to produce branch-specific logits, Zpos = fpos (fpos)
and Zyr = hae(Fae), Where hpos and hyye are MLPs with a single
hidden layer and ReLU activation. The fused logits z are obtained by a
part-wise linear combination:

z:B®2p0s+(1*ﬁ)®zam (6)

where 8 € [0, l]K is a learnable part-wise gating vector (parameterized
via a sigmoid function). This gating mechanism allows the network to
adaptively assign different importance to geometric and attribute cues
for each semantic part, enabling more flexible and part-aware decision
boundaries.

The logits are converted into a probability distribution over semantic
parts using the softmax function, p; = softmax(z;), where p; € RX
represents the predicted semantic part probability of voxel i.

Neighborhood-Based Propagation. The propagation mecha-
nism is designed to extend reliable semantic supervision from sparse
seed voxels to the full volume through neighborhood aggregation em-
bedded in the loss formulation. We exploit local consistency using
6-neighborhood connectivity N(x;). Each voxel is represented using
intensity and gradient magnitude as f; = [I(x;), G(x;)]. The similarity

between voxel i and its neighbors j is computed as d; j = ||f; — £;]%.
Based on this distance, we compute the affinity weight:
exp( i )
" 207
ajj= @)

di. i’
Y jen(x;) €XP <— o >

For each voxel, the affinity weights quantify the likelihood that a neigh-
boring voxel belongs to the same semantic part, based on the similarity
of their intensity and gradient magnitude. Using the weights, we con-
struct a neighborhood-based soft target distribution:

=Y ai;pj 3

JEN(x;)

where q; € RX aggregates the semantic predictions of neighboring
voxels and serves as a propagated supervisory signal.

At the same time, we propagate confidence across the volume, where
propagation is applied only to non-seed voxels while seed voxels retain
their original confidence:

5 Wi, if i is a seed voxel
Wi = . )
NYjen(x) @,jwj, otherwise

where 1 € (0, 1] is an attenuation factor that prevents over-confident
accumulation during propagation.

Confidence-Aware Propagation Loss. We enforce consistency
between the prediction at voxel i and the neighborhood-derived distri-
bution using KL divergence:

Zprop = L (1 =) KL(q | p:)

i

(10)

This formulation encourages stronger propagation in uncertain regions
while preserving stable predictions in high-confidence areas.

Supervised Loss on Seed Voxels. For seed voxels, we use the
semantic part index k; from the segmentation mask S as the ground-
truth label and apply a confidence-weighted cross-entropy loss:

ki
Zap=Y. wi- (—logp™) (11)
i€Vseed
where pfk‘) denotes the predicted probability of the ground-truth part

ki.
Final Training Loss.

L= o%up + )vpropo(fprop

The final training loss is defined as:
12)

This learning strategy enables effective propagation of sparse semantic
cues throughout the volume, resulting in a dense and semantically
consistent TF defined in the following section.

3.4 Semantic Volume Rendering

Rendering Formulation. After training the voxel classification
network, we obtain a dense semantic probability field over the volume.
Based on this, we define TF for the i-th sample x; as follows:

TF(x;) = (¢;, ), ¢ =Cp, ai=1—exp(—0c;5) (13)
where ¢;, o;, 0;, and &;, denote the color, opacity, density, and step size
at the i-th sample, respectively. k7 is the predicted semantic part index

at the i-th sample defined as follows:

k= arg max pgk) (14)

where p(k) is the predicted probability of the part k at the i-th sample
location. Using k', we assign the corresponding color ¢; = Cy; from the
predefined color palette C. Density-based opacity follows the standard
volume rendering formulation derived from the absorption-emission
model [26].

To make opacity reflect voxel intensity, we define the density to be
proportional to the voxel intensity. Given a sampling location i, the
base density is defined as:

0 =N Ii (15)

where [; denotes the interpolated voxel intensity at the i-th sample
location, and lk* > 0 is the density scaling parameter for the k} part.
The accumulated color C along each ray is then computed as:

C= ZTa,c,, hi=]]01-a)).

Jj<i

(16)

Note that users can interactively modify the color and opacity of
each part by changing part colors defined in the color palette C and
modifying the density scaling factor Ay, respectively.

Semantic-Aware Density Modulation. To smoothly suppress
background regions, we modulate the density using the predicted proba-
bility of the background part. Let pl(.bg) denote the predicted probability
of the background part, where the background is included as one of the
K semantic parts. We define:

(bg

ol = ;- (1—p*®) (17)

This formulation reduces opacity near the boundary between fore-
ground parts and background, enabling smooth transitions.

To further remove background regions, we apply an intensity-based
threshold:

o = o] - 1(I; > Tiny) (18)

The threshold 7;,¢ is automatically determined from the segmentation
mask S. Specifically, we collect intensity values of pixels classified
as background in S, remove outliers, and set Tj,; as the maximum
remaining intensity.



Segmentation

Aneurysm

Figure 3: Our qualitative results across multiple datasets. From left to
right, each row shows the input MIP, the MLLM-generated 2D segmen-
tation, and the corresponding semantic rendering results from different
viewpoints.

4 RESULTS
4.1 Implementation Details

For generating the colored segmentation mask S, we use the MLLM
Gemini 3 Pro Image Preview (Nano Banana Pro). For generating se-
mantic annotations A, we use Gemini 3 Pro Preview. We implement our
network in PyTorch and train it for 500 iterations using the Adam opti-
mizer with a base learning rate of Ir = 1 x 1073, Different components
of the network are assigned different learning rates: the multi-resolution
hash grid encoder uses 0.3 x Ir, the attribute encoder uses 0.5 X Ir, both
positional and attribute heads use Ir, and the part-wise gating vector 3
uses 2 x Ir. The other parameters used in our method are set as follows:
Tmin = 0.95, Tyrom = 0.1, Tgist = 0.5, 0 = 0.1, = 0.1, A = 5000, and
Aprop = 70. To more realistically reveal object surfaces, we apply a
normal-based shading model inspired by classical gradient-based vol-
ume shading methods [20], which approximate surface appearance
using local gradients. We use a system equipped with an Intel Xeon
Gold 6326 CPU, 1TB RAM, and an NVIDIA RTX A6000 GPU with
48 GB memory. All results presented in this section are obtained using
the settings described above.

4.2 Qualitative Results

Figure 3 presents semantic volume rendering results automatically gen-
erated by our method. By leveraging the MLLM-assisted 2D semantic
decomposition obtained from a single MIP, our method successfully
partitions and visualizes the entire volume into semantic parts across
all eight experimental datasets using the same parameter settings.

In the bonsai dataset, for the given viewpoint, leaves located in
front of the branches and trunk— which are not visible in the MIP due
to their relatively low intensity—are nevertheless correctly classified.
Similarly, in the head dataset, the large skin region overlapping with the
skull, mandible, and spine is also not visible in the MIP. Despite this,
our method successfully visualizes the skin as a coherent structure that
appropriately encloses the other parts. In the engine dataset, our method
also successfully separates internal empty regions within target parts,

Lobster

Carp

Figure 4: MLLM-generated segmentation masks and corresponding
semantic volume rendering results for the foot, head, lobster, and carp
datasets. For each dataset, two different semantic decompositions are
presented side-by-side.

even though these regions are not distinguished in the segmentation
mask.

In the carp dataset, it accurately isolates the thin and numerous
rib structures. In the aneurysm dataset, it effectively separates fine,
overlapping vessels. In the foot, frog, and lobster datasets, our method
likewise successfully separates parts that cannot be distinguished based
on intensity alone, using only a single image.

Figure 4 presents MLLM-generated segmentation masks and the
corresponding semantic volume rendering results for the foot, head,
lobster, and carp datasets. For each dataset, two different semantic
decompositions are shown in the left and right columns. This demon-
strates that the MLLM can produce diverse semantic decompositions
even for the same input, and that our method can successfully reflect
these variations.

In the foot dataset, the two columns differ in their classification
criteria. The left column follows an anatomical structure-based decom-
position, where parts are categorized according to bone types, such
as metatarsals, proximal phalanges, middle phalanges, and distal pha-
langes. In contrast, the right column classifies each toe (e.g., thumb,
index, middle, ring, and pinky) as an individual part. In the head
dataset, the right column further separates the teeth compared to the
left column. In the lobster dataset, the tail is additionally separated in
the right column. In the carp dataset, the body is further separated in
the right column.

4.3 Comparison with Related Work

We compare our method against the following related works. Specifi-
cally, we examine whether each method can produce semantic volume
rendering results comparable to ours, and how effectively each ap-
proach performs part separation under the given experimental datasets.
The resolution, size, and the number of target parts for each dataset
used in the comparison are reported in Tab. 1.

4.3.1 Compared Methods and Experimental Setup.

ParaView-MCP [23] connects an MLLM with ParaView to enable vol-
ume rendering through natural language prompts by iteratively updating
a 1D TF. We utilized the text prompts provided in the paper and the
accompanying video as much as possible, and additionally incorporated
prompts for part separation to obtain the results. We generated results
using ParaView-MCP in two settings: first, by using only text prompts



to instruct the model to visualize the target parts with specified target
colors (hereafter referred to as fext-only), and second, by providing the
MIP and the colored segmentation mask S from our method as inputs
to Claude and instructing it to perform part separation and coloring to
match the given mask (hereafter referred to as 2D semantic). Given a
user prompt, the system iteratively updates the TF until the objective is
satisfied; we waited until Claude stopped further updates to obtain the
final result. While the original paper used Claude’s Sonnet 3.7 as the
MLLM, we instead employed a more recent and higher-performance
version, Sonnet 4.6.

SAM3D [6] extends SAM to enable zero-shot semi-automatic 3D
medical image segmentation. Given user-provided positive and neg-
ative point prompts for a target part, polylines are constructed and
used as guidance. The volume is then sliced along multiple axes, and
SAM is applied to each slice using polyline-derived prompts, followed
by recomposition into a 3D segmentation. Although SAM3D was
originally proposed for medical image segmentation, it is a zero-shot
method not trained specifically on medical data, making it applicable
to a wide range of datasets commonly used in DVR. Many SAM-based
methods widely used in 3D segmentation use input formats such as
meshes, point clouds, or multi-view images, which require an initial
TF when applied to 3D scalar field datasets used in volume rendering.
In contrast, SAM3D directly operates on volumetric data such as CT or
MRI scans, making it a representative baseline among SAM-based 3D
segmentation methods for our setting.

The number of annotated slices and point annotations varies depend-
ing on the size, shape, and structural complexity of each part. For each
part, we provided point annotations on 3 to 10 slices, with tens of points
per slice. In this work, a transform refers to a distinct slicing orientation
applied to the 3D volume, which generates multiple intersecting 2D
views for SAM-based segmentation and improves accuracy through
redundancy. We selected the maximum number of transforms (10)
available in the authors’ implementation to achieve the most accurate
3D segmentation. All other parameters were kept at their default values.
The final rendered images were generated using ParaView.

4.3.2 Qualitative Results Comparison

Figure 5 presents visualization results of target parts for eight datasets
using our method, ParaView-MCP (text-only), ParaView-MCP (2D
semantic), and SAM3D. We also include the MIP and the segmentation
mask S used in our method and in ParaView-MCP (2D semantic). For
most datasets, a consistent viewpoint is used to facilitate comparison
across methods; however, when certain parts are occluded in specific
results, alternative viewpoints are adopted to better reveal the target
parts.

Our method successfully separates and visualizes the target parts
across all experimental datasets. In all datasets, there exist parts that
cannot be distinguished based on intensity alone; however, ParaView-
MCP relies on a 1D TF, making such separations inherently challenging,
which is reflected in its results across all datasets. In ParaView-MCP,
the MLLM iteratively refines the TF by observing the rendered images
and updating the intensity ranges corresponding to each part.

In the ParaView-MCP (text-only) setting, the MLLM first infers the
intensity ranges of each part based on the given part names, and then
begins updating the TF. In contrast, in ParaView-MCP (2D semantic),
the MLLM leverages the provided MIP and segmentation mask to
identify the intensity ranges of each part before initiating TF updates.

SAM3D successfully separates parts with relatively large and con-
nected structures, but struggles to accurately segment thin or structurally
complex parts with many components. This limitation aligns with ob-
servations reported by the SAM3D authors, who note that SAM3D,
like its base model SAM, struggles with thin and branching structures.
Furthermore, SAM3D requires users to generate point prompts by
navigating slices along a chosen axis. Because parts often appear frag-
mented across slices, the annotations inevitably become discontinuous,
leading to fragmented visualizations of the corresponding parts.

Bonsai Dataset. The parts are separated into blue leaves, green
branches, red trunk, and yellow pot. In the ParaView-MCP results, the
leaves are rendered semi-transparently by adjusting opacity, allowing

ParaView-MCP
(Text-only)

ParaView-MCP

(2D Semantic) SAM3D

MIP Segmentation Ours

Aneurysm

Figure 5: Comparison of semantic volume rendering results across eight
datasets using different approaches. Each row corresponds to a dataset,
showing the input MIP, the MLLM-generated segmentation mask, and the
resulting visualizations produced by our method, ParaView-MCP under
two configurations, and SAM3D.

the branches to be more clearly visible. However, parts with similar
intensity values are not perfectly distinguished, such as the leaves and
the ground beneath the pot, as well as the branches and the trunk. In
ParaView-MCP (text-only), the trunk is visualized in green rather than
red. In ParaView-MCP (2D semantic), the result deviates from our
target configuration, producing green leaves and blue branches instead
of blue leaves and green branches. The MLLM initially interprets the
segmentation mask by associating the blue region with “inner foliage
/ dense branches” and the green region with “outer branches / lighter
foliage,” and begins updating the TF accordingly. In its final response,
it settles on a configuration described as “green canopy, blue inner
foliage.” In contrast, our method directly leverages the semantic de-
composition encoded in the segmentation mask, enabling consistent
mapping between parts and colors from the mask to the final volume
visualization. In the SAM3D results, the pot is well separated, but the
remaining parts are segmented more thickly than in the raw volume,
and portions of the leaves and branches that were not annotated are
missing in the visualization.

Head Dataset. The parts are separated into red skull, yellow
mandible, blue spine, and green skin. In the ParaView-MCP results,
the skull, mandible, and spine are not clearly separated. In particular,
ParaView-MCP (2D semantic) fails to properly visualize all three parts.



Table 1: Dataset statistics and execution time comparison across different methods.

ParaView-MCP SAM3D

Dataset Resolution Size (MB) #Parts | Ours Text-only 2D Semantic User Prompt Inference Total
Head 128 x 256 x 256 8 4 43s 2m 32s 2m 40s 26m 41s 2Ilm41s 48m 22s
Bonsai 256 x 256 x 256 16 4 44s 1m 29s 1m 13s 19m 23s 16m 10s  35m 33s
Lobster 301 x 324 x 56 5.2 3 53s 1m 37s 1m 54s Tm 24s 10m 35s  17m 59s
Carp 256 x 256 x 512 64 4 Im7s 3m19s 3m 3s 16m 1s 71m 55s  87m 56s
Engine 256 x 256 x 128 8 3 49s 1m 37s 2m 25s 8m 52s 6m 4s 14m 56s
Foot 256 x 256 x 256 16 4 49s 1m 30s 2m 18s 21m 35s 15m 38s  37m 13s
Frog 256 x 256 x 44 2.8 4 47s 2m 35s 2m 36s 11m 30s 11m28s  22m 58s
Aneurysm 512 x 512 x 512 256 3 56s 2m51s 2m 30s 10m 42s 23m 10s  33m 52s

Average ‘ 51s 2m 11s 2m 20s 15m 16s 22m5S5s  37m2l1s

In the SAM3D results, the visualization appears clean, without the
surrounding noise observed in both our method and ParaView-MCP.
However, fine geometric details with complex curvature, such as the
teeth and ears, are not separated as cleanly as in our method.

Engine Dataset. The parts are separated into red cylinders, blue
crankshaft, and green connecting rods. In ParaView-MCP (text-only),
not all parts are properly visualized; the MLLM confirms only the
presence of the target colors and prematurely finalizes the TF. ParaView-
MCP (2D semantic) also fails to correctly visualize all parts. In the
SAM3D result, all parts are successfully distinguished; however, the
connecting rods appear irregular and uneven compared to their actual
structure.

Carp Dataset. The parts are separated into red skull, green fins,
yellow ribs, and blue spine. In ParaView-MCP, the MLLM fails to cor-
rectly associate parts with their corresponding colors, misinterpreting
the carp’s skin as the spine or ribs and visualizing it instead. In the
SAM3D result, the skull, which forms a relatively large connected struc-
ture, is well separated; however, the fins and spine appear fragmented,
and the thin rib structures are difficult to separate accurately.

Aneurysm Dataset. The parts are separated into red aneurysm,
blue parent vessel, and green vessels. In the results of all methods
including ours, some vessels appear fragmented in the visualization. In
the ParaView-MCP results, the vessels are separated from the other two
parts; however, the aneurysm and parent vessel are not distinguished
due to their similar intensity values. In the ParaView-MCP (2D se-
mantic) setting, the intensity range is set relatively high to capture the
brightly represented aneurysm in the MIP, which results in many ves-
sels not being visualized. In the SAM3D result, the aneurysm, which
forms a relatively large connected structure, is well separated; however,
thin vessels are not successfully segmented, and the parent vessel is
only partially and discontinuously visualized.

Foot Dataset. The parts are separated into red metatarsals, green
proximal phalanges, blue middle phalanges, and yellow distal pha-
langes. Both our method and SAM3D produce results similar to the
segmentation mask. In this dataset, the intensity ranges of the skin and
bones partially overlap. As a result, in both our method and ParaView-
MCP, portions of the bones become partially transparent during the
process of removing the skin. In contrast, SAM3D produces cleaner
boundaries between skin and bones; however, some voxels are misclas-
sified, resulting in incorrectly labeled red and green regions.

Frog Dataset. The parts are separated into red head, blue torso,
green arms, and yellow legs. Both our method and SAM3D produce
results that show visual agreement with the segmentation mask. How-
ever, in the SAM3D result, the boundary between the head and torso
is relatively less clean, as annotations for a single target part are per-
formed across multiple slices. In the ParaView-MCP results, the parts
cannot be separated based on intensity.

Lobster Dataset. The parts are separated into blue claws, red
body, and yellow legs. In the ParaView-MCP results, the legs, which
exhibit intensity differences, are separated and visualized in yellow;
however, the claws and body, which cannot be distinguished based on

intensity alone, appear with mixed colors. In the SAM3D result, the
thin legs are fragmented and discontinuously visualized.

4.3.3 Execution Time Comparison

Table 1 shows the number of target parts and the time required to
generate the comparison results shown in Fig. 5, for each method and
dataset. For both our method and ParaView-MCP, the process proceeds
automatically after a simple initial user input; therefore, we measure
the total time from input entry to obtaining the final volume rendering
image. In the case of SAM3D, we separately measure the user prompt
creation time and the model inference time.

Across all datasets, not only on average but consistently, our method
achieves the shortest execution time. This is because our approach
requires minimal user input (volume name and MIP axis selection)
and employs a lightweight algorithm and network, resulting in very
fast computation. The most time-consuming step in our pipeline is
the generation of the segmentation mask by the MLLM. ParaView-
MCP also demonstrates short execution times. However, it requires an
iterative process in which the rendered result is captured as a screenshot,
interpreted by the MLLM, and used to update the TF repeatedly, leading
to longer execution times compared to our method.

SAM3D requires significantly more time than the other two meth-
ods. Users must navigate through slices to identify target parts and
provide point prompts. Since parts are often fragmented across slices,
it is difficult to recognize them, and annotation becomes particularly
challenging when structures are small or thin. For example, in the head
dataset, the annotation area is large, and the skull appears thin and elon-
gated in slices, making point prompt input time-consuming. In the foot
dataset, identifying each bone based on its relative position is difficult in
slice views, requiring repeated back-and-forth navigation across slices.
Additionally, annotating numerous thin structures—such as leaves and
branches in the bonsai dataset, and ribs in the carp dataset—increases
the time. Moreover, since SAM3D processes one target part at a time,
prompting and inference must be repeated for each part. The model
inference time increases with the dataset size, the number of target
parts, and the number of point prompts. Furthermore, SAM3D pads
volumes to a 1:1:1 aspect ratio, which leads to increased processing
time for some datasets.

4.4 Ablation Study

Effect of Propagation Loss. Figure 6 compares the results ob-
tained without and with the propagation loss .%),p. Figure 6a shows
the MLLM-generated segmentation mask used for the study. Without
propagation loss (Fig. 6b), the results exhibit noticeable noise and in-
consistency. For example, in the bonsai dataset, some voxels of the
branches, the pot, and the ground in front of the pot are incorrectly clas-
sified. This occurs because, during the seed voxel construction process,
only high-intensity voxels near the centers of the branches and the pot
are selected as seed voxels. When trained using only the supervised
loss on these seed voxels, some voxels in the bonsai dataset fail to
receive semantic supervision from the seeds and are instead assigned to
parts with more similar intensity values. In the head dataset, red noise
appears on the skin surface. Since this area does not overlap with the
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Figure 6: Comparison without and with propagation loss.
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Figure 7: Ablation study on input feature configurations for voxel-wise
semantic prediction.
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skin region in the segmentation mask, the corresponding voxels are not
included as seed voxels. In this area, the skin and skull have similar
intensity values and are spatially adjacent, causing some skin voxels to
be misclassified as the red skull.

By introducing the propagation loss (Fig. 6¢), the rendering results
become significantly more spatially consistent. The propagation mech-
anism effectively transfers reliable information from seed voxels to
neighboring regions based on feature similarity, suppressing isolated
noisy predictions. As a result, both datasets show cleaner part bound-
aries and improved structural integrity. This demonstrates that the
propagation loss plays a critical role in stabilizing the learning process
and enhancing consistency in the proposed semantic volume rendering.

Effect of Input Feature Configurations. Figure 7 presents an
ablation study on different input feature configurations for the voxel
classification network. We use the masks shown in Figure 6a. When
using only spatial coordinates x (Figure 7a), the leaves and branches
in the bonsai dataset, which are spatially intertwined, are not well sep-
arated, and the ground in front of the pot is not clearly distinguished
from the pot. In the head dataset, the ear region, which belongs to the
skin, is misclassified as part of the skull. When using only intensity /(x)
(Figure 7b), semantic separation is barely achieved in both datasets.
Incorporating both intensity and gradient magnitude /(x), G(x) (Fig-
ure 7c) further enhances boundary awareness, successfully separating
the outer surface of the pot as a distinct yellow region in the bonsai
dataset. When combining spatial and intensity features x,/(x) (Fig-
ure 7d), the results generally resemble the given segmentation mask,
but still exhibit noticeable noise. Finally, using all inputs x,/(x), G(x)
(Figure 7e) produces the best performance, achieving the most accurate
and consistent semantic volume rendering across both datasets. These
results highlight that spatial and attribute features provide complemen-
tary information. Their combination is essential for achieving robust
voxel-wise semantic prediction across different datasets in the proposed
automatic TF design.

(c) Result of our method (d) Refined visualization

Figure 8: Limitation and refinement via post-processing.

5 LIMITATIONS AND FUTURE WORK

Our method relies on the performance of the MLLM. In our imple-
mentation, we use Gemini 3 Pro Image Preview (Nano Banana Pro),
which produces high-quality segmentation masks, while other mod-
els often fail to achieve comparable quality. In addition, to enable
automatic TF design with minimal user input, we rely on the MLLM
to determine which parts to visualize; however, as a result, the parts
that users intend to visualize are not always reflected in the generated
segmentation. Another limitation arises from our reliance on MIP for
semantic decomposition. Parts that are not visible in the MIP cannot
be discovered and therefore cannot be visualized. For example, in the
carp dataset, the air bladder is not visible in the MIP (Fig. 8a) due
to its low intensity, and thus cannot be visualized using our method
alone. Furthermore, when obtaining segmentation masks for datasets
containing overlapping parts, such as the carp dataset, certain parts such
as the skin are occasionally omitted, as shown in Fig. 8b. As a result,
in our rendering output (Fig. 8c), both the skin and the air bladder are
classified as background.

To address this limitation, a simple post-processing strategy can be
applied. Among voxels classified as background, we first separate true
background regions using a background mask automatically obtained
by applying SAM or an MLLM to the MIP. Then, by performing k-
means clustering with £ = 2 on the remaining voxels based on intensity,
we can recover and visualize the skin and air bladder, as shown in
Fig. 8d. This demonstrates that our automatic TF design enables fast
and easy visualization of major semantic parts, which can be further
refined with minimal user input, such as selecting a small number of
clusters.

For future work, we plan to explore extending the single-MIP-based
seed construction to incorporate multiple projection views or MIPs
decomposed into different depth-based layers, enabling multiple 2D
semantic decompositions and reducing the risk of missing parts that
are occluded or poorly represented in a single projection axis. We
also aim to develop more flexible refinement strategies. For instance,
visualizing voxel features using t-SNE could enable more fine-grained
semantic separation. In addition, instead of fully relying on the MLLM,
exploring methods that allow users to efficiently refine the MLLM-
generated segmentation mask to better reflect their intent would lead to
more accurate and controllable semantic volume rendering.

6 CONCLUSION

In this paper, we have presented a framework for automatic TF design
via MLLM-assisted 2D semantic decomposition. By leveraging a single
MIP image and minimal user input, our method transforms high-level
semantic understanding from an MLLM into a dense voxel-wise repre-
sentation, enabling direct construction of semantic TFs without iterative
manual interaction. Experimental results demonstrate that our method
produces semantically meaningful visualizations while significantly re-
ducing the time and effort required for TF design compared to existing
approaches. In particular, our framework enables intuitive part-level
separation without relying on handcrafted feature spaces, repeated user
interaction, or dataset-specific training. Overall, this work highlights
the potential of integrating MLLM-based semantic understanding with
volume rendering to simplify and enhance TF design.
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